Introduction 30
Global forests remove CO 2 from the atmosphere at a rate of ~2.4 Pg C per year [Pan et 31 al., 2011] . The role of forests in methane (CH 4 ) cycling, however, has not been well 32 constrained, in part because of difficulties in assessing CH 4 fluxes at the landscape scale.
33
Most of what is known about forest CH 4 fluxes is derived from chamber measurements at 34 the level of the soil surface, which show that many forest soils are net consumers of 35 atmospheric CH 4 [Megonigal and Guenther, 2008] . Globally, CH 4 -consuming bacteria in 36 terrestrial soils are believed to account for approximately 5% of total CH 4 oxidation, the 37 second largest sink of atmospheric CH 4 while anaerobic (saturated) soils are strong 38 sources of CH 4 [Forster et al., 2007] . The division between what constitutes a CH 4 39 producing vs consuming soil is murky with upland soils demonstrated to emit CH 4 undercertain circumstances [Savage et al., 1997; Whalen et al., 1991; Yavitt et al., 1995; Yavitt 41 et al., 1990] and localized (often discrete) soil flux measurements are difficult to scale up 42 due to their high spatial and temporal variability. 43
Forests with high water tables and organic-rich soils, such as many boreal forests, 44
provide an especially complex picture with dry and wet soil conditions intermixed due to 45 small-scale topographic variability. Such forests have the most potential to produce and 46 emit significant quantities of CH 4 . In addition, direct interaction of trees with forest CH 4 47 commercially available software (EddyPro version 4, Li-Cor Inc., Lincoln, NE, USA). In 87 both years, the CO 2 fluxes were nearly identical between the Picarro and Licor analyzers 88 (Fig S1) . The sign convention used is that flux to the ecosystem is defined as negative. 89
Further details on the filtering of the flux data are available in the SI. 90
Environmental Data 91
Profiles of soil temperature and soil moisture were measured hourly at 5, 10, 20, 50, and 92 100 cm using Hydra probes (Stevens Water Monitoring Systems Inc., Beaverton, OR, 93 USA) 20 near the base of the tower. Water table depth was measured using a 94 barometrically compensated pressure transducer (model WL400, Global Water, Gold 95
River, CA, USA) in a shallow well. Solar radiation (photosynthetic photon flux density, 96 PPFD), air temperature, and precipitation were measured from the top of the flux tower 97 as described previously [Hollinger et al., 2004] . We note that the measurement scale for 98 the soil data differs from that of the flux data. 99
Statistical Analyses 100
The half-hourly CH 4 flux data were low-pass filtered to give a set of mean fluxes, each 101 representing a 4-day window. This was combined with Monte-Carlo resampling in order 102
to obtain an estimate of the uncertainty on these mean fluxes. Details are available in the 103
SI. 104
We used an Artificial Neural Network (ANN 
Results

115
Many variables including GPP, air temperature, PPFD, CO 2 flux, and soil moisture and 116 soil temperature at 10 and 20 cm were significantly correlated (Kendall rank correlation, 117 p<<0.01) with the CH 4 flux signal in both years, but any combination of these variables 118 explains only a small fraction of the variation in the CH 4 fluxes (multiple r 2 <0.05) at the 119 30 minute time step. The neural network approach was able to explain a maximum of 8-120 10% of the total variability in the data for each year (Fig S3) The use of 4-day mean fluxes elucidated the seasonal pattern in the CH 4 flux data. CH 4 138 fluxes were mostly positive during the summer months, trending negative in the late 139 summer or fall, then remaining consistently negative through the winter months (Fig 1) . 140
By comparison, the CO 2 fluxes (here processed as GPP) showed the opposite pattern with 141 the highest rates of CO 2 uptake during the midsummer, followed by decreasing uptake 142 through the fall into the winter. Using a wide selection of variables (air temperature, soil temperature, soil moisture, wind 154 direction, water table depth, relative humidity, and wind speed) the ANN produced a 155 model explaining nearly 65% and 90% of the variability in the 4-day CH 4 fluxes during 156 2011 and 2012. However, to reduce the redundancy due to correlations between many of 157 these drivers, we forced the ANN to use GPP and then tested for the additional 158 explanatory power (if any) attained by each remaining driver (Fig 2, S5) . GPP was 159 chosen because it was the individual variable with the highest explanatory power in both 160 years. The importance of each driver using this reduced approach is shown in Fig 2. We 161 observe that, in 2011 and 2012 respectively, variation in GPP accounted for 60% and 162 (Table S1) . 169
Despite the fact that the principal environmental drivers were the same in both years, 170 models derived from the 2011 fluxes did a poor job predicting CH 4 fluxes in 2012, and 171 vice versa (Fig. S6) . We also trained the model on the 4-day means from both years 172 together and while the ANN produced a model that explained 40% of the variability in all 173 the data this represented a substantial decrease in goodness-of-fit compared to modeling 174 each year individually.
We estimated the annual CH 4 budgets for 2011 and 2012 for Howland forest in two 176 ways; using either the ANN or a linear model combined with Monte Carlo resampling. 177
Using the linear modeling approach (Fig S7) we estimate net efflux (mean ± 1sd) of 7 ± 178 4.6 mmol m -2 yr -1 for 2011 and consumption -18 ± 2.7 mmol m -2 yr -1 for 2012. Using the 179 ANN, annual fluxes were 6 ±11 mmol m -2 yr -1 for 2011, and -9 ± 3.7 mmol m -2 yr -1 for 180 2012 (Fig 2) . Larger uncertainties were contributed by the first few months of the year 181 due to the absence of measurements to constrain the model during these periods. This 182 increase in variance was particularly large in the ANN because of its inherently nonlinear 183 structure. Both approaches indicated that the annual CH 4 flux in 2011 was small but 184 likely positive while the forest was a net consumer of CH 4 in 2012. 185
Discussion 186
The lowland evergreen forest studied was an intermittent source of CH 4 to the 187 atmosphere, showing efflux from July through October during 2011, and from June 188 through July 2012 while recording net uptake for the remainder of each year (Fig 1) . 189
Using an artificial neural network (ANN), we found that a combination of GPP and 10-190 GPP could be more proxy than mechanism. It is more difficult to directly connect CH 4 217 oxidation and GPP, although microbial priming could link these processes. In this case, 218 carbon leakage from the roots of trees and other plants increases total microbial activity; 219 because many CH 4 oxidizing bacteria are capable of consuming a wide variety ofmethylated substrates their population dynamics could respond to overall soil carbon 221 degradation rates, leading to higher rates of CH 4 oxidation linked to increased soil 222 respiration activity. We interpret these results as indicating a significant role for GPP in 223 influencing CH 4 flux, both in its high frequency and low frequency variability although 224 we acknowledge that the mechanism is not yet clear. 225
The role of soil moisture in forest CH 4 flux may involve a threshold: once volumetric soil 226 moisture exceeds some level (here ~0.1WFV), there are sufficient anoxic pore spaces to 227 support CH 4 production near the surface and correlations become weak, while below this 228 threshold, soil moisture is an important factor controlling the balance between CH 4 229 production and CH 4 oxidation. It is also possible that the lower correlations are a result of 230 spatial variability in soil moisture over the tower footprint related to the small-scale 231 topography that was not captured by this study. However, the trends of drying and 232 wetting, also observed in the precipitation data, would be expected to be felt to some 233 degree throughout the landscape. Overall, we found soil moisture had a smaller overall 234 influence than GPP but remains important under drier conditions. 235
Despite the high correlations of a model using GPP and soil moisture to the data in each 236 year, the explanatory power of these models diminished almost to zero when applied to 237 data on which the model was not trained (Fig S6) Net CH 4 emission is the result of two processes acting in opposition -CH 4 production 241 and CH 4 oxidation, and it appears that a correlative model based on emissions may lack 242 the appropriate structure needed to extrapolate fluxes over longer timescales, despitesuccess over shorter timescales. Achieving an appropriate model structure and 244 complexity is necessary for improving the CH 4 components of larger earth-system 245 models and predicting natural CH 4 emissions from forests under changing environmental 246 conditions. Multiple years of flux measurements under a range of conditions will be 247 needed to accurately characterize the climatic and physiological dependence of forest 248 CH 4 fluxes. Experimental methods combining ecosystem-scale flux measurements, soil 249 chamber flux measurements, and soil-gas profiles may also provide needed insight into 250 the mechanistic controls driving both the sign and magnitude of CH 4 flux. 251
In the context of the overall climate impact of greenhouse gas fluxes at this site, the CH 4 252 fluxes are small contributors (see SI) relative to the total CO 2 uptake. This contrasts with 253 other ecosystems, such as boreal wetlands where the climate impact of CH 4 fluxes can be 254 larger than the climate benefit of their CO 2 uptake [Whiting and Chanton, 2001] . 255
Conclusions 256
We provide the first multi-year set of CH 4 fluxes measured by eddy-covariance over a 257 
